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ABSTRACT

VISUALIZATION OF LARGE DIVERSE COLLECTIONS OF SCHOLARLY
OUTPUT

Bharat K. Kale, M.S.
Department of Computer Science
Northern Illinois University, 2018
Michael E. Papka, Director

Visualizing large real-world networks, such as social networks and scientific collaboration
networks, is challenging not only because they contain large numbers of nodes and links but
also due to their multivariate nature. Applications that analyze such datasets tend to focus
on problems related to visualizing either multiple attributes on nodes or the topology of
the network. Very few applications focus on both. This research explores a new approach
to visualize such multivariate networks, using a glyph designed based on sunburst chart
to encode attributes on the nodes and a combination of a treemap layout and a suitable
graph layout to control the topology. We show the results of this approach by creating a
collaboration network of researchers using a publications dataset that comprises references to
all research papers published by users of the Argonne Leadership Computing Facility in the
last three years. The goal of this visualization is to show a holistic view of the scholarly work
from a research facility, which in turn helps to identify research groups and the researchers
acting as bridges among them.
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CHAPTER 1
INTRODUCTION

Interdisciplinary endeavors are growing in all fields, especially academia. There are many
research communities that help researchers to address large scale, complex research and development challenges in a collaborative and multidisciplinary manner. This scientific collaboration can be visualized through a co-authorship network in which nodes are scientists
and two scientists are connected if they have coauthored a paper. Visualizations of these
networks are challenging because they contain large numbers of nodes and links, and can be
made even more complicated by being multivariate (i.e., graphs having multiple attributes
to be shown on nodes and edges). Often, these attributes are of diverse types, making the
data multidimensional. The major challenge in visualizing such multivariate graphs is to be
able to encode more attributes while maintaining the network topology. Two approaches
are commonly used here. The first one is to map attributes to visual elements of a node.
A simple example is to use node color for one attribute and size for another attribute. The
main problem with this approach is that it is not possible to encode more attributes because
the number of visual elements is limited. The second approach is to design a glyph i.e.,
a marker to represent a node and its attributes. The problem with this approach is that
it increases complexity quickly with the increase in number of nodes. With a well-defined
layout and interactivity, the second approach helps to create better network visualizations.
This research explores a new approach to visualize such large multivariate networks using a
sunburst chart (a multilevel pie chart) to encode attributes on nodes, and a combination of
a space-filling layout and any suitable graph layout to control the topology.
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1.1

Contributions

The main goal of this research is to develop a single visualization to show an integrated
view of the scholarly work of a large diverse research community, which in turn helps to identify research groups and the researchers acting as bridges among them. These visualizations
can be applied in many other places such as universities, hospitals, research companies, and
national laboratories. To test our approach, we applied the proposed method on data obtained from the Argonne Leadership Computing Facility (ALCF), a Department of Energy
Office of Science user facility. We integrated datasets containing references to papers published by the users of the ALCF over the last three years and details about various projects
that used the resources from the ALCF to create a network of co-authors with multiple
attributes to be shown for each author and various projects on which they worked. The
aim of this thesis is to address the following challenges, presented to us during visualization
of the ALCF collaboration network: (i) Creating a custom glyph that effectively encodes
both the attributes and their relationship, (ii) Designing a layout that aesthetically presents
the collaboration network with minimal clutter and at the same time effectively uses the
space allocated for visualization, and (iii) Adding interactivity for better understanding of
patterns. Visualizing such a multivariate network dataset produces a snapshot that can aid
in identifying the trends in research groups.
This thesis is motivated by designing better systems to create novel visualization of
network datasets using a combination of various existing techniques and layouts.
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1.2

Outline

The thesis is divided into two parts, and this section provides the outline of each part and
the corresponding chapters. Part 1 (Chapter 2) describes the basic introductory concepts
necessary for a better understanding of literature in networks and their visualizations. This
section also discusses various studies conducted in creating different graph visualizations.
Part 2 (Chapters 3, 4, and 5) explains the main research conducted for the thesis to achieve
our goal. This includes discussion on design of a glyph, new hybrid layout, and interactions
supported for exploring the graph. Finally, Chapter 6 concludes the thesis by summarizing
our accomplishments and provides the directions for future work.

CHAPTER 2
BACKGROUND: INFORMATION VISUALIZATION AND
NETWORK SCIENCE

The approaches used in this research are mainly from information visualization and network science. Information visualization has become a large field, and subfields are emerging
[29, 10]. This research focuses on representations of structured data, i.e., where graphs are
the fundamental structural representation of the data. We start by introducing fundamental
concepts of these two fields followed by a brief explanation of different techniques that are
core to this thesis. Finally, we discuss the results obtained by applying existing techniques
on the ALCF data.

2.1

Information Visualization using Graphs

Visualization of graphs are extremely useful for understanding relationships among different entities; hence, they are commonly used in real-world applications to identify patterns.
In biology and chemistry, graphs are applied to study evolutionary trees, phylogenetic trees,
molecular maps, and genetic maps [10]. Other applications include website maps to study
browsing history, social networks, telecommunication networks, and transportation networks.
There are two common approaches used in visualizing graphs. In the first common approach,
nodes of a graph are represented by dots and edges with lines or curves linking the dots.
These are known as “node-and-link diagrams” and have been explored through many studies
[10, 22, 8]. The second common approach is a “matrix view” [26], that displays a graph’s
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adjacency matrix overlaid on a grid in which each cell represents a connection between two
entities. Both the approaches emphasize link structure. However, data about a graph includes additional information such as properties of individual nodes. Such properties are of
different types, at a basic level either continuous or categorical, making their encoding more
challenging. These type of graphs are referred to as multivariate graphs. This thesis focuses
specifically on visualizing multivariate graphs where the nodes have several attributes. We
use standard node-and-link diagrams, but nodes are drawn differently based on the attribute
values instead of simple dots.
Applications that analyze multivariate network datasets tend to focus on problems related
to visualizing either multiple attributes on nodes or the topology of the network. Few
applications focus on both. The integration of these two problems (topology and multiple
attributes) in a single visualization is a challenge because it requires methods to represent
connections and attributes simultaneously without generating overlapping elements. When
it comes to representing data using graphs, usually dimensions are shown though various
types of encodings on nodes and links, whereas data volume plays an important role in
selecting a layout. Many studies have been conducted to identify various ways to encode
more attributes and aesthetically present graphs using different layout algorithms.

2.1.1

Visualizing Multivariate Nature

Cava et al. [27] presented ClusterVis, an interactive visualization that represents relationships among entities along with multiple attributes belonging to clusters in a graph. The
sub-graph that constitutes the clusters is identified by applying some criteria based on network topology or attribute values. Wattenberg introduced PivotGraph [23], a software tool
for visualizing and analyzing graphs. PivotGraph uses a simple grid-based approach to fo-
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cus on the relationship between node attributes and connections rather than emphasizing on
global graph topology. Nodes with the same value for selected categorical attributes are aggregated to arrange them in a grid, resulting in a representation in which the actual network
topology is not presented. Shneiderman and Aris [4] presented NVSS, Network Visualization
by Semantic Substrates, an attribute-based layout in which node attributes govern assignment of nodes to regions. Semantically identical nodes (e.g., with the same labels) are placed
in boxes using standard layout algorithms or in layers using their importance for assigning
the position within layers [35]. In [17], Xu et al. presented GraphScape, a 3D visualization
model in which a graph is shown as a landscape. The network structure is displayed on a
2D plane, and the surface height is used as the third dimension to represent node attribute.
Multiple surfaces can be used to represent more than one attribute. However, as the number
of nodes and surfaces grow, it becomes difficult to understand the graph. All of these studies
presented better ways of handling attributes; however, they involve some form of filtering or
aggregation to simplify the presentation. This simplification resulted in a reduction in the
amount of information displayed and lacks a big picture as there is no global graph topology.

2.1.2

Graph Layout

Layout plays a major role in creating an easily readable graph. In this section, we present
the important aspects of graph drawing that makes a graph look aesthetically pleasant
followed by the node placement strategies of well known graph layout algorithms.
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2.1.2.1

Aesthetics of Graph Drawing

A bad layout can make a graph difficult to read even if it has a smaller number of nodes
and edges. Figure 2.1 illustrates how much a layout influences a graph’s presentation. Many
studies were conducted to understand the properties of graph drawing and defined graph
drawing aesthetics to improve the readability of a graph [9, 8, 16, 25, 28, 32, 33].

Figure 2.1: Layout’s influence on readability of a graph [28].
Sugiyama et.al [16] summarized a set of basic rules as below:
1. Minimizing the number of link crossings: Drawing a graph such that the number of edges that cross each other is minimum. This makes it easy to follow the links.
2. Straightness of lines: Drawing links as straight as possible by avoiding or minimizing the number of bends makes the graph readable.
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3. Proximity of nodes that have a connection: Nodes that have a connection, if
they are placed close, the lengths of links are minimum.
4. Balanced drawing of links: Drawing the links that are incident to a node such
that they are evenly spaced makes the graph look good.
5. Hierarchical layout of nodes: Placing the nodes at imaginary horizontal and
vertical levels.
6. Traceability : Drawing the links such that it is easy to follow paths (connected links).
7. Regularity : Placing the nodes according to a principle, such as grouping them together according to some criterion, and applying this principle consistently throughout
the graph.

2.1.2.2

Node Placement Strategies

Many different layouts are available; of these, the force-directed layout [25, 32, 33] is the
most popular because it is intuitive, generic, and it can be applied to any network. Forcedirected layouts draw theories from mathematics and physics. Mathematically speaking, the
methods are based on solving an optimization problem. From the Physics point of view, a
graph is a collection of physical bodies tied with springs. The idea of treating nodes as a
collection of mechanical rings and edges as springs connecting the rings is first proposed by
Eades [25]. The placement of nodes is decided by the properties of the connecting spring.
Kamada and Kawai [32] presented a greedy algorithm to create a graph layout. For each pair
of nodes in a graph, the distance between them is calculated as an energy function. The total
energy of the graph is defined as the sum of the energies over all available pairs of nodes,
and this total energy is the quantity to be minimized. The algorithm starts with an initial
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configuration and local minimum of energy for that configuration. A number of iterations will
be done by moving the node that provides maximal decrease in the energy until the global
minimum is achieved. Fruchterman and Reingold [33] proposed another variant of forcedirected layout that adapted and enhanced Eades [25] spring based layout. Their approach
is that the displacement of a vertex is limited to some maximum value in each iteration,
and this maximum value decreases over time; so, as the layout becomes better, the amount
of adjustment becomes finer and finer. Frick et al. [1] presented GEM, Graph Embedder,
another adaptation of force-directed layout. In addition to a cost function to be minimized
in each iteration, a gravitational force pulling the vertex towards the barycenter of the vertex
cluster is assumed. The use of gravitation accelerates the convergence of GEM. Dwyer [30]
proposed another variant of force based layout by combining it with a simple constraint
relaxation scheme. The addition of more distance based constraints in their approach made
the resulting graphs look more pleasing in terms of identifying clusters present in the graph.
Davidson and Harel [28] presented another layout based on the idea of simulated annealing. Simulated annealing is a powerful optimization technique based on heating and
slowly cooling metals to achieve an equilibrium state. This approach involves choosing an
energy function. Davidson and Harel came up with a flexible function combining measures
for edge-lengths, edge-crossings, vertex distribution, and nearness to borders.
In general, force-directed layouts are computationally expensive and do not scale well.
Each iteration involves a visit of all pairs of nodes in the graph and the quality of the layout
depends on the number of full iterations. So, as the number of nodes in a graph increases
the complexity of detecting node placements increases rapidly. Another problem with force
based layouts is their unpredictable nature. Two different runs of the algorithm on almost
identical graphs might produce radically different layouts as shown in figure 2.2.
Different methods of using treemap layout [21, 3] for graphs have been studied because
they are fast as they do not take multiple iterations. Also, the treemap layout forces clusters
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Figure 2.2: Different trials of force-directed layout on same graph.
into separate regions of the screen and hence the problems such as clutter due to overlapping
groups, nodes being seperated from their clusters, do not come into the picture. Muelder and
Ma [5] presented a treemap-based layout in which all the nodes are hierarchically clustered
based on their connectivity and placed using a treemap layout. This minimizes edge crossings
across the network. Itoh et al. [31] extended the work of Muelder and Ma [5] by applying
hierarchical clustering based on both the category and connectivity of the nodes and then
presented a visualization using a combination of a force-directed layout and a space-filling
layout. Fekete et al. [13] explored the idea of decomposing any graph into a tree and a set of
edges. They presented a technique that displays the hierarchical structure as a treemap and
the remaining edges as overlaying links. Abello et al. [11] created compound fisheye views for
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large graphs based on binary partition, with the addition of a linked treemap view showing
the graph hierarchy. These methods tried to address the problems inherent in traditional
graph layouts by creating hybrid layouts combining different techniques.

2.2

Network Science

Network science is an academic field which studies complex networks such as telecommunication networks, computer networks, biological networks, and social networks, considering
distinct elements or actors represented by nodes (or vertices) and the connections between
the elements or actors as links (or edges). The field draws on theories and methods including
graph theory from mathematics, statistical mechanics from physics, data mining and information visualization from computer science, inferential modeling from statistics, and social
structure from sociology [2]. In order to visually represent these networks, spatial position
should be defined for nodes and links. To assign the spatial information to a graph, we use
graph layouts. Once a layout is chosen and the graph is visualized, a number of metrics
can be used to encode on nodes to make the important nodes stand out clearly in the entire network. Centrality measure is one such metric. There are different types of centrality
measures available and choosing a specific centrality measure depends on how an important
node is defined in the context. In particular, three such metrics are commonly used —
degree centrality, closeness centrality, and betweenness centrality. They are introduced in
definitions below
1. Degree Centrality: Degree Centrality is a basic indicator. It is defined as the number
of links incident upon a node [18, 34].
2. Closeness Centrality: Closeness Centrality of a node is defined as the average
length of the shortest path between the node and all other nodes in the graph. Close-
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ness centrality is usually normalized to allow comparisons between nodes of graphs of
different sizes [18, 34].
3. Betweenness Centrality: Betweenness Centrality quantifies the number of times a
node acts as a bridge along the shortest path between two other nodes. It is calculated
by dividing the number of shortest paths that pass through the node (v) by the total
number of shortest paths between all nodes [18, 34].

2.2.1

Co-authorship Network

As an example, co-authorship networks are one of the important types of social networks
and have been used extensively to determine the structure of scientific collaborations among
researchers. They are similar to traditional citation networks but the fact that co-authorship
implies a temporal and collegial relationship made them show much stronger bond [39]. Coauthorship network of arXiv, Medline, SPIRES, and NCSTRL is used in one of the early
studies by Newman [24] to understand collaboration across various scientific fields. Glanzel
& Schubert [38] studied the pros and cons of using co-authorship as an indicator for research
collaboration.

Figure 2.3: Co-authorship network for a sample dataset.
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Constructing a co-authorship network from a list of references is easy. Consider the
scenario shown in figure 2.3. It has a list of 5 publications with corresponding authors
shown in figure 2.3(a). Consider each author as a unique node in the network, and join two
nodes if the corresponding authors have co-authored a paper. Following this pattern for all
the 5 publications result in a co-authorship network shown in figure 2.3(b).
Once the raw data is represented as a network, we can apply various techniques from
network science and visualization to analyze the network and identify patterns from it. Figure
2.4 shows the previously created co-authorship network with node sizes encoded using the
three centrality measures. The figure clearly shows the importance of node changes based on
the centrality measure used. Using degree centrality on nodes highlights the nodes having
more connections as shown in figure 2.4(a). Betweenness centrality, figure 2.4 (b), highlights
the nodes that can connect most pairs of nodes in the network. Hence, betweenness centrality
is good at identifying nodes acting as bridges in the network. Figure 2.4 (c) shows that
closeness centrality highlights nodes that are closer to most of the nodes in the network.
Hence, closeness centrality is good at identifying those nodes from which other nodes in the
network can be quickly reached.

Figure 2.4: Co-authorship network with node sizes encoded using different centrality measures.

14

2.3

Exploration of the ALCF Data

2.3.1

The ALCF Datasets

We have used two datasets from the ALCF in this study. The first dataset consists of
a list of references to the publications. Figure 2.5 shows a snapshot of the dataset. All
the references are in Chicago style. While parsing the dataset, we dealt with author name
disambiguation, one of the common problems associated with scholarly articles. We wrote
a simple parser that extracts author names from the references and creates groups of names
based on their last name and then manually processed the groups to clean them and create a
list of aliases for each author. There are 275 references in the dataset resulting in 849 unique
author names after parsing and 3749 collaborations among the authors.

Figure 2.5: Dataset with list of references to publications.
The second dataset is a list of projects from the ALCF as shown in the figure 2.6. Each
record in this dataset comprises of name of the researcher, project name, science field to
which the project belongs, project division inside the ALCF and the institution to which
the researcher belongs. We added the names from this dataset also to the list of aliases that
was created using the previous dataset. There are 8693 unique projects and 3155 unique
researchers in the dataset.
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Figure 2.6: Dataset with list of projects and people from the ALCF.
Finally, both the datasets were combined to create a JSON network. Figure 2.7 shows a
snapshot of a node in the JSON network.

Figure 2.7: A node in the final JSON network.
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2.3.2

Applying Existing Graph Layouts

We explored the ALCF data using the existing layouts to understand if they can help us
identify the research groups and researchers acting as bridges among the groups. We used
only the first dataset comprising of references to scholarly articles during this stage. Figures
2.8 to 2.12 show the results of the exploration.
1. Kamada and Kawai layout: This is one of the earliest variants of force-directed
layout. Figure 2.8 shows the graph obtained by applying this layout to the ALCF data.
Even though the overall symmetry of the visualization is good, it has poor readability
because there is a considerable amount of overlap across groups.

Figure 2.8: The ALCF data using Kamada and Kawai layout.

2. Fruchterman and Reingold layout: This layout is the most common reference to
the idea of force-directed layout. Figure 2.9 shows how the graph representation of the
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ALCF data looks like when Fruchterman and Reingold layout is applied. This layout
clearly identifies the groups in the graph and visualizes them in a radial layout. The
overview is clear, but it is difficult to understand each group because the intra-group
distances are very small. When nodes are encoded using complex glyphs (multivariate
graphs), this layout makes graph reading even more challenging.

Figure 2.9: The ALCF data using Fruchterman and Reingold layout.

3. GEM (Graph Embedder) layout: This is another variant of force-directed layout
introduced mainly to overcome the performance issues with the previous layouts. Figure 2.10 shows the result after applying GEM layout to the ALCF data. Even though
it took less time compared to others, the result obtained is poor at reading individual
groups formed in the graph. Due to the extra force that pulls all the nodes of a group
to its center, all the nodes in one group are so close that it is difficult to distinguish
them.
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Figure 2.10: The ALCF data using GEM layout.
4. Davidson and Harel layout: This is slightly different from all the above layouts.
Figure 2.11 shows the ALCF data graph when drawn using Davidson and Harel layout.
We tried this layout because the studies show that the results obtained using this layout
are better compared to others, but the problem with this layout is that it is not scalable.
When the graph size increases, the performance of the Davidson and Harel layout
decreases both in terms of time and aesthetics of the resulting graph. Figure 2.11
clearly shows problems such as unnecessary link crossings and positioning the nodes
from same group far way.
5. Constrained Graph layout: This is the most recent technique for graph layout
based on constraints. This method is both faster and scalable to larger graphs. Figure
2.12 shows the constrained based layout when applied to the ALCF data. Even though
the graph looks good because of symmetries it is showing, the clutter in the graph is
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Figure 2.11: The ALCF data using Davidson and Harel layout.
considerable. We cannot identify groups clearly if the clutter across groups is not
controlled.
The other common problem with the force-directed layouts is that they follow radial
layout. Most of the results, from the previous work, shown in this chapter display
the graph in a radial layout. People usually use rectilinear screens to present or study
their visualizations. Presenting a visualization that follows radial layout on a rectilinear
screen results in wastage of available space.
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Figure 2.12: The ALCF data using Constrained Graph layout.

CHAPTER 3
ENCODING MULTIVARIATE NATURE: GLYPH DESIGN

Many real world networks are multivariate in nature as they have various attributes
associated with nodes and/or edges. For example, consider a network of social ties on any
social networking site like Facebook and Twitter. Usually such visualizations include not
just people and their social ties, but also many attributes about each person and his/her
relationship with others. Visualizing attributes on large graphs makes the graph visualization
even more challenging. Various approaches for dealing with these graphs were discussed in
the previous chapter. They include aggregating nodes by their attributes and then aggregate
edges between node groups to reduce the size of the graph. Even though these approaches are
effective in simplifying the presentation, they reduce the amount of information displayed.
This affects the understanding of an overview of the system being presented through the
visualization. We want to show the overview and at the same time effectively encode the
attributes on nodes. This section explains the various prototypes that we created to arrive
at a final design of the glyph.

3.1

Mapping Attributes to Visual Elements

The first prototype we created uses the visual elements on nodes and edges to encode
attributes. Our goal initially is to identify the researchers who belong to the ALCF and
also those who are acting as bridges. It means we only need two channels, one to represent
whether a researcher is from the ALCF and the other to show the researcher’s ability in
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acting as a bridge. Hence, we used the simplest approach of using two of the available visual
elements i.e., size and color of nodes.

3.2

Designing a Suitable Glyph

The number of attributes that we wanted to encode kept on increasing as we were getting
new data. So, we started using a more advanced approach i.e., creating a glyph to encode
attributes on nodes. It took various iterations and different prototype designs to finalize on
the glyph that we wanted to use. Our first prototype uses a simple pie chart. We wanted to
show the distribution of an attribute that can take multiple values on a node . For example,
in the ALCF dataset, each researcher works on different projects and each project is allocated
resources under different allocation programs. A pie chart effectively captures the proportion
of projects that are allocated resources under each program as shown in figure 3.1.

Figure 3.1: A simple glyph using a pie chart.
A simple pie chart is not good enough to encode more attributes because it can only
show proportions from one multi-valued attribute. So, we started adding rings around the
pie chart for other attributes. For example, in the ALCF data, we wanted to add the scientific
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field of a researcher and also a way to identify if the researcher belongs to the ALCF. Figure
3.2 shows such a glyph. The inner pie chart shows the proportion of projects that are
allocated resources under each program, the first outer ring represents the scientific field of
the researcher’s work and the presence of the last outer ring represents that the researcher
belongs to the ALCF.

Figure 3.2: A glyph using a pie chart with rings around it.
After scanning through the actual data, we realized that there are many researchers
who are working on different scientific fields through different projects. We also wanted to
capture this interdisciplinary nature of work in the glyph by showing the number of projects
in each scientific field that a researcher is working on. In addition, we wanted to show the
distribution of scientific fields across the programs represented by the inner pie chart i.e.,
different projects from same field can be allocated resources under different programs and
hence the same color segment might present in the outer ring more than once under different
slices of the pie chart. This scenario clearly shows the presence of hierarchical relationship.

24
Sunburst charts, also known as multi-level pie chart are effective at visualizing the hierarchy
through a series of rings. Figure 3.3 shows the result of applying sunburst chart to the ALCF
data.

Figure 3.3: Final glyph using sunburst chart.

CHAPTER 4
DESIGNING A NOVEL HYBRID LAYOUT

One of the important goals of this research is to present the groups in a graph clearly
with as little clutter as possible. The results presented in the previous chapters showed that
existing layouts were not helping in achieving this goal because of the size of the graph.
Using complex glyphs, with existing layouts, makes the graph look even more complicated.
Figure 4.1 shows one of the existing force-directed layouts using the glyph we designed. This
serves as a good example of all the problems that were mentioned so far.

Figure 4.1: Force-directed layout using the designed glyph.
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The idea of coming up with new hybrid layouts, instead of using traditional graph layouts,
has already been studied, especially in the context of space filling layouts like treemap. Our
motive behind using the combination of space filling layout and any existing graph layout is:
the existing graph layouts work well with smaller graphs and if we can find a way to divide
a bigger graph in to sparsely connected cliques, we can make use of existing techniques.

4.1

Space Filling Layouts

As the name indicates, space filling layout tries to fill the allocated space based on
specified criteria. Treemap [3, 21] is one of the best examples of space filling layouts. Treemap
has the inherent ability to represent the hierarchies by dividing the available space into nonoverlapping regions.

Figure 4.2: An example visualization using treemap layout.
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Figure 4.2 shows a sample visualization using a squarified treemap layout, a treemap
layout in which the regions are ordered by their size. In the figure, the total allocated space
is divided based on the number of incidents of each type of crime that occurred over a
certain period of time. The larger the region, the more often that type of crime occurred.
This visualization effectively uses the entire space allocated for it. It is important to have
maximum screen space utilization because we often want to look at the whole data in a
limited screen space.

4.2

New Hybrid layout

Our idea of new hybrid layout is a simple one that involves three steps.
1. Divide a given graph in to subgraphs(sparsely connected cliques).
• Using network analysis tools and techniques, identify subgraphs in a given graph.
The subgraphs can be as simple as connected subgraphs in the graph or communities identified by a complex community detection algorithm.
• This step is crucial as it can decide how many groups are formed and how these
groups look in the final visualization.
2. Divide the total space into regions using a treemap layout.
• Apply treemap layout based on the size of the subgraph i.e., number of nodes,
and divide the allocated space in to regions. The subgraphs having more number
of nodes will be assigned larger regions.
• Using treemap to layout the subgraphs also helps in arranging the subgraphs with
flexibility i.e., what subgraphs can be positioned together.
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3. Visualize each subgraph in the corresponding region independently.
• The above two steps converted the actual problem in to visualizing multiple small
graphs in the specified regions.
• Visualize each subgraph as an independent graph in the region assigned for it
using any of the existing graph layouts.
Figure 4.3 shows the graph drawn using the ALCF data by applying the proposed hybrid
layout. We identified connected subgraphs, applied treemap layout and visualized each subgraph in the allocated region using Davidson and Harel layout. The layout clearly presented

Figure 4.3: The ALCF data using proposed hybrid layout.
the groups formed in the graph compared to the results shown using the existing layouts in
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the previous chapters. Because of the ability of a treemap to create non-overlapping regions,
the clutter across the regions is considerably reduced.

4.3

Visualization of the ALCF Collaboration Network

We wanted to try the proposed method on different types of networks with varying sizes.
Using the available datasets, we have created two networks. First one uses co-authorship as
the relation to connect two nodes in the network and second one connects two nodes in the
network if the corresponding researchers worked on a same project. These two graphs gave
completely different type of networks with first one having many disconnected components
and the second one having single big connected network. Also, the size of the connected
network is three times the size of the disconnected one.

4.3.1

Using Co-authorship as Relation

The combination of a good layout and a suitable glyph helps to clearly present the
overview of the network. Figure 4.4 presents the final visualization of the ALCF collaboration network created using the combination of the proposed layout and the glyph. The
visualization clearly shows the groups and also the scientific field in which the research from
that group belongs. There are some groups where multiple scientific fields are in focus,
suggesting interdisciplinary research.
The final visualization used betweenness centrality measure to encode the size of the
node. As mentioned earlier, betweenness centrality measures the control of an entity on the
communication between other entities in the network. It means the higher the betweenness
centrality of a node, the more chance it has in acting as a bridge.

Figure 4.4: The ALCF collaboration network 1 using the proposed hybrid layout and the glyph.
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So, mapping betweenness centrality to the size of the node makes the nodes acting as
bridges look bigger and stand out clearly from the group. To identify researchers who
are acting as bridges in each group, we calculated betweenness centrality of nodes in each
subgraph instead of the entire network.
There are two types of nodes in the visualization. The first type of node is encoded
using the glyph. They represent researchers who have accounts created at Argonne to access
computing resources and the second type of node is encoded as simple circle. They represent
researchers who do not have accounts created at Argonne but collaborate with others in
the research. Hence, no information about these researchers is available. The connections
between researchers (nodes) in the visualization also show the field of collaboration. If both
researchers belong to the same field, their collaboration is also in that field, otherwise the
collaboration is interdisciplinary.

4.3.2

Using Working on Same Project as Relation

The co-authorship based network presented in the previous section has disconnected
groups inherently. This made it easier to apply our proposed method to visualize the graph.
The network created by connecting researchers working on same projects is a single big connected graph. We had to apply community detection algorithms to identify the communities
and then apply the proposed method as mentioned earlier.
Figure 4.5 shows the network created using the existing force-directed layout. As shown
in the figure, it is difficult to read and understand the big connected component of the
network. In order to apply the proposed method, we used louvain method community
detection algorithm [37] and identified communities based on the connectivity of nodes in
the network. Using the size of each community as criteria to divide the given visualization
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space into sub-regions, applied the treemap and visualized each community independently
in each sub-region.

Figure 4.5: The network of researchers working on the ALCF projects visualized using force
directed layout.
The final visualization used betweenness centrality measure to encode the size of the node
to emphasize the importance of that node in acting as a bridge in the entire network. Once
the individual communities are visualized, the links connecting nodes across communities are
overlayed on top. Figure 4.6 presents the network visualization created using the proposed
method.

Figure 4.6: The ALCF collaboration network 2 using the proposed hybrid layout.
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CHAPTER 5
CREATING AN INTERACTIVE GRAPH

A static visualization of a graph gives a good overview of the system but in order to
answer some of the questions, there should be a way to interact and explore the graph.
For example, people might be interested in understanding a specific influential researcher
in terms of his direct collaborations. Keeping the answers to questions asked in focus and
fading all of the other information on the graph to the background helps facilitate clear
representation and easy understanding. The attributes of a graph should be dynamic and
seamless when we interact with it. Currently, we added three types of interactions to the
ALCF collaboration network to understand:
1. Direct collaborations of a researcher: When the whole data in a graph is presented in a single view, it is difficult to read about individual nodes even though the
layout is good. An interaction that can highlight a node and its direct connections and
fades other nodes will help in clearly understanding the direct connections of a node.
Figure 5.1 shows how the interaction looks when we hover on a node in the network.
2. The amount of network we can reach through selected researchers: An
interaction that can show all of the direct connections of multiple selected nodes helps
in understanding how much of the network we can reach by talking to a few influential
people in the network. When we are trying to analyze the collaborations between
people, this view helps in assessing the influence of a researcher on the entire network.
Figure 5.2 shows the snapshot of this interaction by selecting multiple nodes in the
network.
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Figure 5.1: Hover on a node highlights the direct connections.

Figure 5.2: Multi-node selection to understand the network reach.
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Clicking on a node selects it and highlights all of its direct connections. Shift + clicking
on other nodes will keep those previously selected highlighted and will continue to select
new nodes and highlight their direct connections as well. Finally, all of the highlighted
nodes together represent the part of the network we can reach through a few selected
people. This interaction plays a major role when the groups in the graph are also
interconnected.

Figure 5.3: Zoom-in a glyph to clearly show it’s components.

3. A researcher’s projects and the scientific fields of research: When glyphs
are used to represent nodes and their size varies based on some criterion, it is difficult
to read the glyphs with smaller sizes. An interaction that can present the magnified
version of the glyph of the selected nodes helps in overcoming this problem. Figure 5.3
shows an example of just such an interaction that we added. Double clicking on a node
zooms the node and presents the zoomed glyph to clearly understand the components of
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the glyph. In this visualization, there are researchers who are represented with smaller
size nodes but work diverse scientific fields. This interaction helps in understanding
the scientific fields and allocation programs of different projects of a researcher.

CHAPTER 6
CONCLUSION

6.1

Summary

The main goal of this thesis is to visualize large multivariate networks in such a way
that the layout clearly represents the groups formed in the network and the nodes acting as
bridges among the groups. This broad goal is divided into three smaller goals:
1. Encoding multivariate nature in a network.
2. Creating a layout to clearly represent the groups in a network.
3. Supporting ways to interact with graph visualizations.
To solve (1), we took a glyph based approached and designed a suitable glyph to represent
multivariate nature of the ALCF collaboration network we are studying. To solve (2),
we used existing techniques in information visualization and created a hybrid layout. We
combined treemap (a space filling layout) and existing graph layouts to visualize the groups
formed in the network with little clutter. Another advantage with the proposed layout is
its ability to use different graph layouts on different subgraphs i.e., as the graph is divided
into multiple independent subgraphs, one can try different layouts for each subgraph. There
is no need to stick to single graph layout for all the subgraphs. To solve (3) we identified
few important interactions that help people in exploring large graphs and supported them
in our visualization. Finally, the combination of all the three goals solved the questions that
we posed before starting this research.
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There are some limitations of our work: (i) Design of glyph is closely related to attributes
that we are visualizing and their relationship. We cannot generalize a glyph to claim that it
can be used with any given set of attributes. (ii) Calculating betweenness centrality is a time
consuming process [6]. Even though we calculated betweenness centrality for each subgraph,
we can find different graph datasets where the subgraphs themselves might be considerably
large. We should look at other alternative approximations to betweenness centrality measure
that can be used to identify nodes acting as bridges and at the same time faster in terms of
computation. (iii) Even though the proposed method improved the readability of the densely
connected graphs, there is still room for improvement. Applying various different clustering
or community detection methods based on the attributes or structural properties of a graph
will considerably improve the results.

6.2

Future Work

The proposed system of hybrid layout and the glyph, we tried it only on the ALCF
publications data and the output visualization is good and answered all the questions initially
proposed. In order to generalize, we want to apply the proposed technique on different types
of network datasets.
Compared to graph visualization applications available today such as Gephi and Pajek,
the level of interactivity supported is less. We will explore more in that area to come up with
novel interactions that help people exploring the graphs to answer more complex questions.
We tried identifying groups in the network based on the node connectivity. We will
investigate more to understand how using attributes available in the data itself to identify
the groups will effect the layout. Also, when community detection methods are applied on
the connected graphs, there are inter group links that should be added between nodes across
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groups. Currently, we are overlaying them after individual groups are visualized. But, We
would like to study more on how the inter group links can be effectively embedded into the
proposed layout in order to reduce clutter due to link crossings.
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